Abstract-In this paper, a new texture descriptor inspired from completed local binary pattern (CLBP) is proposed and investigated for texture image classification task. A wavelet-CLBP (WCLBP) is proposed by integrating the CLBP with the redundant discrete wavelet transform (RDWT). Firstly, the images are decomposed using RDWT into four sub-bands. Then, the CLBP are extracted from the LL sub-bands coefficients of the image. The RDWT is selected due to its advantages. Unlike the other wavelet transform, the RDWT decompose the images into the same size sub-bands. So, the important textures in the image will be at the same spatial location in each sub-band. As a result, more accurate capturing of the local texture within RDWT domain can be done and the exact measure of local texture can be used. The proposed WCLBP is evaluated for rotation invariant texture classification task. The experimental results using CURTex and OuTex texture databases show that the proposed WCLBP outperformed the CLBP and CLBC descriptors and achieved an impressive classification accuracy.
I. INTRODUCTION
Texture descriptors one of the global descriptors that can be used to describe image contents. It is important element for object identification and region distinction. Because of that, texture descriptors can be used in many of computer vision tasks, such as object and scene recognition [1] , [2] , [3] , image retrieval [4] , medical images [5] , and face recognition [6] , [7] .
An example of a texture descriptor is the shape context descriptor [8] , a 36-bin histogram of edge distribution in a region. The location and orientation of each edge point are used to construct the shape context histogram. Each location is represented using a log-polar grid with a certain radius and then quantised into nine bins while the orientation is quantised into four bins, namely, horizontal, vertical, and two diagonals. Another important example of texture descriptors is the Local Binary Pattern (LBP) [9] . The LBP histogram is computed over user-defined patterns (grid of cells). The first step is the thresholding step where the centre of pattern is compared with its pixel neighbourhood to convert their values to binary values (0 or 1). This step aims to find the binary differences. The next step is the encoding step, which encodes the binary number of each pattern and converts it to the equivalent decimal number that characterises a structural pattern. The LBP is one distribution-based descriptors because all the patterns' decimal values are then represented as a histogram. In addition to that, the LBP is computationally simple, showing good performance and excellent results in texture classification. Moreover, the LBP descriptor and some of its variants are used for different image processing tasks. Examples of LBP variants are Local Ternary Pattern (LTP) [10] , center-symmetric local Binary Pattern (CS-LBP) [11] , Dominant LBP (DLBP) [12] , Completed LBP (CLBP) [13] , and Completed Local Binary Count (CLBC) [14] . In this paper, we are enhancing the CLBP texture descriptor to increase its discriminating property by extracting it in the wavelet domain instead of the spatial domain. Redundant Discreet Wavelet Transform (RDWT) is selected due to its characteristics. The proposed wavelet CLBP (WCLBP) is evaluated for invariant rotation texture classification using two benchmark texture databases. The experimental results illustrate that WCLBP performed well and achieved higher texture classification rates than CLBP and CLBC.
The rest of this paper is organized as follows. Section II briefly reviews the LBP, CLBP and CLBC. Section III presents the proposed WCLBP descriptor. Then in Section IV, the experimental results are reported and discussed. Finally, Section V concludes the paper.
II. RELATED WORK
This section provides brief review of the LBP, CLBP, and CLBC. A. Local Binary Pattern (LBP)
In [9] , the LBP operator is computed for the center pixel by comparing the intensity value of it with the intensity values of its neighbors. This process can be expressed mathematically as follows:
where i c and i p (p = 0, , P − 1) denote the gray value of the center pixel and gray value of the neighbor pixel on a circle of radius R, respectively, and P is the number of the neighbors. Bilinear interpolation estimation method is used to estimate the neighbors that do not lie exactly in the center of the pixels. LBP ri P,R and LBP riu2 P,R are rotation invariant of LBP and uniform rotation invariant of LBP , respectively. These two enhanced LBP operators are proposed by Ojala et al. [9] .
After completing the encoding step for any LBP operators, i.e., LBP ri P,R and LBP riu2 P,R , the histogram can be created based on the following equation:
where K is the maximal LBP pattern value. An example of the LBP operator can be shown in Figure 1 .
B. Completed Local Binary Pattern (CLBP)
The completed LBP (CLBP) descriptor is proposed in 2010 by Guo et al. [13] as an improvement of the LBP descriptor. Figure 2 shows the decomposition of the image local difference into two complementary components, namely, the sign component s p and the magnitude component m p which can be mathematically expressed as follows.
s p is used to construct CLBP S, while m p is used to construct CLBP M . These two operators are mathematically expressed as follows:
where i c , i p , R, and P are defined in (1), while c denotes the mean value of m p in the entire image. CLBP S is equivalent to LBP , whereas CLBP M measures the local variance of the magnitude. Guo et al. constructed the CLBP-Centre (CLBP C) by thresholding the values of each pattern using the average gray level of the entire image. CLBP C is expressed mathematically as follows:
where i c denotes the gray value of the centre pixel of the pattern and c I denotes the average gray level of the whole image. Guo et al. [13] combined the CLBP operators into joint or hybrid distributions. They combined CLBP S with CLBP M in two ways. Firstly, their histogram is concatenated to construct CLBP S M . Secondly, the 2D joint histogram known as CLBP S/M , is calculated. CLBP C is also combined with CLBP S and CLBP M in two ways. Firstly, both operators are combined to form a 3D joint histogram, known as CLBP S/M/C. Secondly, CLBP C is combined jointly with the CLBP S or CLBP M to construct two 2D joint histograms, namely, CLBP S/C or CLBP M/C, respectively. These histograms are then converted into 1D histograms and are concatenated with CLBP M or CLBP S to build the final histogram, either known as CLBP M S/C or CLBP S M/C.
In [13] , the rotation invariant LBP (LBP riu2 P,R ) is used to construct the CLBP riu2 P,R operators. The CLBP riu2 P,R is simplified in this paper as CLBP P,R as well as the proposed CCLBP operators.
C. Completed Local Binary Count (CLBC)
The Local Binary Count (LBC) was proposed by Zhao et al. [14] . Unlike the LBP and all its variants, the authors just counted the number of value 1's of the thresholding step instead of encoding them. The LBC can be described mathematically as follows:
Similar to CLBP, the authors [14] extended the LBC to completed LBC (CLBC). The CLBC S, CLBC M and CLBC C were also combined into joint or hybrid distributions and they were used for rotation invariant texture classification. The CLBC M and CLBC C can be described mathematically as follows:
where i c , i p , c and c I are defined in (1), (5) and (6) . An example of LBC is shown in Figure 3 .
In [13] , the rotation invariant LBP (LBP riu2 P,R ) is used to construct the CLBP riu2 P,R . The CLBP riu2 P,R is simplified in this paper as CLBP P,R as well as the proposed CLTP operator.
III. PROPOSED WAVELET COMPLETED LOCAL BINARY PATTERN (WCLBP)
Many of transforms are available in the literatures such as wavelet transforms, fourier transforms, etc. A lot of wavelet transforms are proposed for different tasks due to their different properties. Based on that, many researchers are used the wavelet transforms of the images instead of the spatial forms (pixel values) in their work. Redundant Discrete Wavelet Transform (RDWT) is proposed by Fowler et al. [15] to overcome some other wavelet transforms. RDWT is shift invariant and decompose the image into four sub-bands have the same size of the original image unlike the discreet wavelet transform (DWT) where the sub-band size is only the half size of the image. As a result, the important textures in the image will be at the same spatial location in each sub-band. This causes a more accurate for capturing of the local texture and exact measure of local texture.
The extraction of WCLBP can be summarized in Figure 5 
IV. EXPERIMENTS AND DISCUSSION
This section presents series of experiments that are performed to evaluate the proposed WCLBP. Two large and comprehensive texture databases are used in these experiments which are the Outex database [17] , and the Columbia-Utrecht Reflection and Texture (CUReT) database [18] . In these experiments, the classification results are compared with CLBP, and CLBC.
A. Dissimilarity Measuring Framework
Similar to [13] , [14] experiments, the chi-square statistic measurement is used to measure the dissimilarity between the two WCLBP histograms. As explained in [13] , [14] ,The χ 2 distance between two histogram H = h i and K = k i where (i = 1, 2, 3, ...B) can be mathematically described as follows:
Furthermore, the nearest neighborhood classifier is used for classification in all experiments in this paper. 
B. Experimental Results on the Outex Database
The Outex datasets includes 16 test suites starting from Outex TC 00010 (TC10) to Outex TC 00016 (TC16) [17] . These suites were collected under different illumination, rotation and scaling conditions. Outex TC 00010 (TC10) and Outex TC 00012 (TC12) are considered as famous two test suites in Outex datasets. These two suites have the same 24 classes of textures, which were collected under three different illuminates ("horizon","inca", and "t184") and nine different rotation angles (0
• , and 90 • ). For each illumination and rotation situation, each class has 20 non-overlapping texture samples with size of 128 × 128. Examples of Outex images are shown in Figure 6 . For TC10, 480 images are used as training data. These are the images of "inca" illumination condition and "0
• " angle rotation. Whereas, the images under the remaining rotation angles and "inca" illumination condition are used as testing data, i.e., 3840 images. The training data in case of TC12 is same as TC10, while all images under "t184" or "horizon" illumination conditions are used as testing data, i.e., 4320 images for "t184" and 4320 images for "horizon". The experimental results of TC10, TC12(t184) and TC12 (horizon) are shown in Table I .
From the Table I , the following points can be observed. The proposed WCLBP outperformed the CLBP and CLBC in most of the experiments using OUTex (TC10) and (TC12). The WCLBP achieved highest accuracy rate reach 99.59% with WCLBP S/M 24,3 while CLBP S/M/C 24,3 achieved 99.32% for TC10. In TC12, the WCLBP S/M/C 24,3 achieved 96.90% and 96.09% with TC12(t) and TC12(h), respectively. Generally, the WCLBP S/M/C 24,3 achieved the highest accuracy as average for TC family which reaches 97.38% compared with 96.35% achieved by CLBC CLBC 24,3.
C. Experimental Results on CUReT Database
The CUReT dataset has 61 texture classes. In each class, there are 205 images subjected to different illumination and viewpoints conditions [18] . The images in each class has different viewing angle shots. Out of 250 images in each class, there are 118 image shots that their viewing angles are lesser than 60
• . Examples of CUReT images are shown in Figure 7 . From these types of images, only 92 images are selected after converting to gray scale and cropping to 200 × 200. In each class, N images from 92 are used as training data while the remaining (92-N) are used as testing data. The final classification accuracy is the average percentage over a hundred random splits. The CUReT average classification for N = (6, 12, 23, 46 ) is shown in Table II. From  Table II , the proposed WCLBP achieved the highest classification accuracy reaches 96.49% with WCLBP S/M/C 16,3 while the CLBP S/M/C 16,3 achieved 95.86%. Although, the performance of the CLBP S and CLBP M were better than the WCLBP S and WCLBP M as shown in Table II , the combination of sign, magnitude and center of WCLBP operators showed better performance than the combination of the sign, magnitude and center of CLBP operators.
V. CONCLUSION
In this paper, a new texture descriptor is proposed by integrating the Redundant Discrete Wavelet Transform (RDWT) and the Completed Local Binary Pattern (CLBP). The WCLBP is extracted from the image after decomposed it first using RDWT into four sub-bands. Then, the LL sub-band which includes the details information about the images is used to extract the CLBP. The CLBP will be extracted based on the LL coefficients instead of the image pixel values. The proposed WCLBP is evaluated and investigated for texture classification using two challenging texture databases. As shown in the experimental results, the proposed WCLBP showed higher classification accuracy compared with the new existing texture operators, i.e., CLBP and CLBC.
